Traditional energy management strategies of wireless sensor network (WSN) nodes with hybrid energy storage do not adequately combine the merits of supercapacitors (SCs) and batteries, and thus, battery degradation remains a problem that restricts the lifetime of the WSN nodes. In this paper, an adaptive rule-based energy management strategy is proposed to extend the battery lifetime of a solar-powered wireless sensor node. The energy models are constructed with the consideration of the battery degradation, and Poisson distribution is utilized to simulate the power consumption variation of the node. A rule-based energy management strategy that is adaptive with the SC capacity and load conditions is designed. Traditional energy management strategies of the WSN nodes are compared with the proposed one. The simulation results indicate that the proposed strategy can improve the node lifetime from several tens of days to more than ten years. Meanwhile, the strategy ensures the continuous availability of the solar-powered WSN nodes even at night throughout the long lifetime. The robustness of the strategy is also tested. It is revealed that the strategy is adaptive with the SC capacity and workload conditions. The proposed strategy is broadly applicable and promising to resolve the problem of limited battery lifetime for the solar-powered WSN nodes.
I. INTRODUCTION
The wireless sensor network (WSN) has myriad applications in areas such as military field, environmental monitoring, health care, logistics management, and robotics [1] . However, the energy problem still remains a technical bottleneck for WSNs, because nodes may operate in inaccessible environments where the maintenance is inconvenient and highcost. One way to tackle the energy problem and prolong the lifetime of the WSN is to harvest the renewable energy from ambient environment including thermal, mechanical, solar, acoustic, wind, and wave energy [2] . The most studied renewable energy source for WSN application is solar energy since it is one of the most accessible and abundant types of
The associate editor coordinating the review of this manuscript and approving it for publication was Rui Xiong. renewable energy [3] - [13] . Though energy harvested from the environment may be infinite, it often exhibits a noncontinuous behavior and the power is sometimes limited. Therefore, energy storage system must be used to store the redundant energy when the harvested energy is more than the consumed energy.
Depending on the storage technology, solar energy harvesting sensor nodes can be divided into three categories: nodes with battery-based storage [4] , [8] , [9] , [10] , [13] , nodes with supercapacitor-based storage [5] , [7] , [12] , and nodes with hybrid storage [3] , [6] , [14] - [17] . Lithium-based batteries have a high energy density and charge-discharge efficiency, and hence they are helpful for ensuring a high energy efficiency and the miniaturization of nodes. Nevertheless, batteries suffer from capacity loss thus limiting the node lifetime. Supercapacitors (SCs) have superior cycle life (10-20 years and millions of charge-discharge cycles) [16] , and the use of high-capacity supercapacitors is a viable option to meet the requirement of long duration of more than ten years [18] . However, the energy density of supercapacitors (2-30 Wh/kg) is particularly lower than that of batteries Wh/kg) [19] , thus occupying much more space. Besides, supercapacitors self-discharge at a much higher rate than batteries, which results in nonnegligible energy waste, especially for high-capacity supercapacitors. Therefore, a hybrid energy storage system (HESS) for WSN node is desired.
HESS storage consisting of batteries and supercapacitors has been used for solar powered WSN nodes [3] , [6] , [14] - [17] . Generally, the energy management strategies adopted by them can be classified into three major types: supercapacitor first strategy [3] , [6] , [15] , voltage controlled strategy [14] , and improved parallel strategy [16] , [17] . For supercapacitor first strategy, supercapacitor is utilized to undertake all of the system power demand as long as the supercapacitor voltage is not out of range [3] , [6] , [15] . But once the supercapacitor is fully charged or discharged, the battery has got to undertake the system power demand. For voltage controlled strategy, the supercapacitor voltage is controlled [14] . This strategy does not adequately utilize the supercapacitor since the SC voltage is always within in a limited range. For improved parallel strategy, the supercapacitor is first charged and the battery is in parallel with supercapacitor during the discharging [17] . All of the existing energy management strategies for hybrid storage solar power WSN nodes does not fully utilize the supercapacitor, so that the battery may undertake high power charging/discharging which leads to fast capacity loss. If the stored energy of the battery is too little due to capacity loss, the solar powered WSN node may be dead at night. Hence the node lifetime is limited by the battery lifetime.
Recently, some energy management strategies for energy harvesting WSN nodes have been proposed to match the energy consumption of the nodes to the energy harvested [11] , [20] - [22] . They are suitable for nodes whose duty cycle is controllable instead of event-driven nodes. Besides, these studies adopt the supercapacitor-based storage rather than hybrid storage consisting of rechargeable battery and supercapacitor. Therefore, they do not face the battery capacity degradation problem which may restrict the lifetime of the WSN nodes. Energy management strategies for HESS have been deeply investigated for the electric vehicles [23] , [24] , but they can be hardly utilized by the WSN node because the circumstances are totally different. In summary, an energy management strategy for WSN nodes to exert strengths of hybrid energy storage system adequately has not been studied.
This work aims to propose an adaptive energy management strategy for solar powered wireless sensor nodes with hybrid storage. Energy models of the system are constructed, and sensitive event with Poisson distribution is modeled to simulate the power consumption variation of the node. Battery capacity loss model is used to predict the battery lifetime. Based on the system model, traditional energy management strategies of the hybrid storage WSN node are compared with the proposed one. Simulation results indicate that the proposed strategy can improve the node lifetime from several tens of days to more than 10 years. This is achieved by avoiding high current charging/discharging of the battery and making full use of the supercapacitor. Besides, the strategy is adaptive with the SC capacity and workload conditions. The battery capacity loss keeps at a low level under any circumstances. The rule of the proposed strategy is straightforward so that it can be easily adopted by WSN nodes.
II. THE PROPOSED SYSTEM CONFIGURATION
The solar powered wireless sensor network can be used for volcano monitoring, military surveillance, smart home, agricultural monitoring, health care, and other applications. The WSN configuration is shown in Figure 1 (a). Hundreds of nodes are dispersed in the environment to sense the surrounding physical phenomena like temperature, sound, pressure, light, vibration and so on. They are connected through wireless network to work collaboratively. Every node is able to sense physical environment, process the sensor signal, and transmit information to the base station. Solar powered hybrid energy system is connected to power the nodes. The structure of a WSN node is shown in Figure 1(b) .
To ensure longevity of surveillance missions, the WSN node is supposed to employ energy sparingly and effectively [25] , [26] . For example, node does not have to sense the environment and transmit data all the time. Instead, it goes dormant in most of the time and wakes up a few low-power sensors to sample the ambient conditions periodically. When a sensitive event is detected, other sensors are awakened to acquire more information about the sensitive object and data are transmitted to the base station. This event-driven pattern is energy-efficient and may not miss any event occurrences as long as the wake-up period is short enough. However, the energy consumption of the node fluctuates greatly and randomly, which is shown in Figure 1 (c). When a sensitive event happens, the node is excited and large power consumption is demanded. Meanwhile enough amount of energy should be preserved in the energy storage system for the node to wake up and sense cyclically during long nights or possible rainy days. Therefore, an energy storage system which can store sufficient energy and supply high power output simultaneously is required for such an event-driven node.
Hybrid energy system that powers the node is composed of solar panel, supercapacitor, battery, and energy management strategy, as shown in Figure 1(d) . Adaptive rule based energy management strategy is used to manage the energy distribution among the system. Solar panel provides longterm energy for the node. In sunny days, the power harvested is much more than the power consumed, and extra energy is stored in the storage system in case of sunless time. The proposed energy management strategy can protect the battery from large current charging by adding a charging coefficient, which is deeply clarified in Section IV. Moreover, in sunless time, the battery is applied to charge the supercapacitor at a relatively low rate. In this way, the supercapacitor voltage is kept at a high level so that it can undertake large power consumption whenever the node is activated, thus protecting the battery from fast degradation. This is another novelty of the proposed strategy for solar powered WSN nodes.
III. SYSTEM MODELLING AND SIZING
The system model shown in Figure 2 consists of four modules: energy harvester, energy storage, energy consumer, and energy management. In this paper, the energy harvester is a solar panel which is the main energy source of the whole system. The energy storage is composed of a supercapacitor and a battery, and the energy consumer is the wireless sensor node.
P demand is defined as the system power demand. Based on the principle of energy conservation, the governing equation of the system is as follows:
where P node is the power consumption of WSN node, η n is the efficiency of node voltage regulator, η s is the efficiency of MPPT circuit for solar panel, P solar is the power harvested by solar panel, P BAT , P SC are the power outputs of battery and supercapacitor respectively, and P other is the power loss of the system. P BAT , P SC > 0 indicates that the battery or supercapacitor is discharging, otherwise the storage is being charged. The rest of this section introduces the modeling and sizing of each component of this system.
A. WSN NODE MODELLING
The power consumption of WSN node is a function of time and event as depicted in Figure 2 . The variable event is used to indicate if there is an event happening, then the power consumption can be decided by (2) .
As shown in the formula, the node has three states. It is dormant in most of the time and uses little power consumption. Periodically, the node wakes up some sensors to detect whether a sensitive event occurs with the power consumption P active . In the formula, T is the cycle time, and DT is the active time in a cycle. When a sensitive event is detected, all sensors are awakened to acquire more information about the sensitive object and data are transmitted to the base station. Therefore, the power consumption surges to P excited . The proposed three-states model is energy-efficient and accords with realistic applications.
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Poisson distribution is utilized to simulate the event occurrence. Assuming that λ is the number of events occurring within a period of time T e (1 h), and time duration of a single event is µ, then the probability of event occurrence at a particular small subinterval t (0.2 s) is as follows [27] :
The average power consumption of the node can be derived:
B. SOLAR PANEL MODELLING AND SIZING
The maximum output power of crystalline silicon PV solar cells is mainly relevant to the temperature T a of solar cells and solar irradiance G tt , which is depicted in the following equation [28] :
It can be indicated that the power is related to the quadratic term of G tt and linear term of T a . Besides, the fluctuation of G tt is much more than that of T a . Hence the effect of temperature is neglected and the equation turns into the following one:
where a, b, c are model parameters. I-V output curve of a solar panel is measured and maximum output power is calculated under different irradiance levels to calibrate the model. As shown in Supplementary Figure 1 , the simulated model is well suited to the experimental data. In addition, the photoelectric conversion efficiency η pv was measured to be around 11% according to the experiment results. Based on the model, a sinusoidal waveform is used to simulate the change of solar irradiance during a whole day. Moreover, the daily total solar radiation is obtained from National Meteorological Information Center. The variation of the solar radiation of Beijing in 2016 is depicted in Supplementary Figure 2 .
The next demonstration will calculate the required minimal area of solar panel based on historical statistics. Take Beijing as an example. The energy harvested by the solar panel in a long period of time must be greater than the energy consumed by the nodes, as described by the following formula:
where η pv , η s , and η n is respectively the efficiency of the solar panel, the MPPT circuit, and the node voltage regulator. Q s is the solar radiation in a long period of time t, which is taken to be 3 days. S is the area of the solar panel. Therefore, the area of the solar panel is decided by:
Based on historical data, the minimum total horizontal solar radiation in 3 consecutive days of 2016 in Beijing is 7.8 MJ/m 2 . Therefore, the area of solar panel should satisfy the following formula:
C. SUPERCAPACITOR MODELLING AND SIZING RC model is used for the supercapacitor as shown in Figure 2 . This simple model is computationally straightforward and able to simulate the charging and discharging process of the supercapacitor well [29] . The charge-discharge curve of a supercapacitor is measured to verify the model, and Supplementary Figure 3 shows that the simulation result can predict the charging and discharging characteristics of supercapacitor well.
To prevent the battery from undertaking high power consumption, the stored energy of the supercapacitor should be not less than the energy consumed by the node when an event happens. Thus, the supercapacitor should be sized by the following formula:
, (10) where C SC is the SC capacitance, V SC,max , V SC,max /2 is respectively the maximum and minim working voltage of SC, and µ is the time duration of a sensitive event.
D. BATTERY MODELLING AND SIZING
Rint model [30] is used for battery modeling in this article as Figure 2 illustrates. The open circuit voltage is related to the state of charge (SOC):
Charge-discharge curve of a battery is measured to verify the model, and the simulated curve is fairly consistent to the measured curve as shown in Supplementary Figure 4 .
In case of sunless days, the battery is supposed to provide enough energy for the node to sustain for at least 24 hours, therefore the battery capacity should satisfy the following formula:
where V Bat is the average battery discharging voltage, and Q Bat is the battery capacity (unit: A · h). In order to simulate the lifetime of battery, a dynamic battery capacity degradation model has been proposed based on the existing studies. The battery capacity loss can be decided by the following formula [31] - [33] :
where Q loss is the percentage of battery capacity loss, A is the compensation factor, C_Rate is the absolute value of the charge/discharge rate, B is the constant coefficient, A h is the Ah-throughput, and z is the exponent parameter. The discrete formula of the model can be determined:
A h = 1 3600
where Q loss.k+1 and Q loss.k are the accumulated battery capacity loss at instants t k+1 and t k . The dynamic model is verified by experiments which is detailed discussed in section A of Supplementary Discussion. The simulation result is well suited to experimental data as shown in Supplementary  Figure 5 .
IV. ENERGY MANAGEMENT STRATEGY DESIGN
Energy management strategy is used to allot the charging and discharging power to the supercapacitor and battery. It helps to ensure continuous availability of the solar powered WSN node day and night. Besides, energy management module can protect battery from undertaking high current charging or discharging. Existing energy management strategies for WSN node with hybrid storage include supercapacitor first (SF) [3] , [6] , [15] , voltage controlled (VC) (parallel storage) [14] , and improved parallel storage (IP) [16] , [17] . All of the three existing strategies cannot prevent the battery from high current charging or discharging completely, thus leading to short lifetime of the WSN node due to battery degradation. To reduce the degradation of battery and the average cost of energy system, a near-optimal rule based energy management strategy has been proposed for electrical vehicle [34] . However, it can be hardly used for WSN nodes because the circumstances are very different. For WSN nodes, the harvested power is closely related to time of day. Besides, the power consumption usually varies in a periodic way and grows dramatically occasionally when sensitive events happen. Accordingly, this section proposes a rule based energy management strategy to prolong the lifetime of WSN nodes which is adaptive with the system configuration and workload conditions. The flowchart of the proposed rule based strategy is shown in Figure 3(a) . The supercapacitor is first used to receive solar power and supply power for the node when needed. To prevent it from being used up, the supercapacitor is charged by the battery when the solar energy is insufficient and the supercapacitor charge is low. Therefore, the available energy of the supercapacitor is hardly ever used up, and it is able to supply power for the node at any moment when event occurs regardless of the ambient energy. Besides, the charging power from battery to supercapacitor is proportional to the average power consumption of the node. Hence this strategy is adaptive to the node load condition. Moreover, the proposed strategy can adjust itself according to the weather condition. When the node is in strong sunlight so that the solar power is too high and potential to damage the battery, the strategy decreases the charging power for the battery according to battery SOC. By this way, battery is protected from being damaged by high current charging.
There are several parameters that play a decisive role in the effectiveness of the strategy. k 1 determines when the battery should charge the supercapacitor. k 2 determines the least remaining charge of supercapacitor for event occurrence. k 3 determines how fast the supercapacitor can be charged by battery. All of these three parameters work collaboratively to control the charging process from battery to supercapacitor. Furthermore, η is the charging coefficient that determines how much power the battery can receive to prevent fast degradation when the net power is too much to be received by the battery. The settings of these parameters are discussed in the following part of this section.
The solar power is compared to k 1 P av to decide whether it is ample enough. Theoretical, P av is the exact average power that the node consumes. Therefore, k 1 should be a little bigger than 1 considering the energy efficiency. Furthermore, in view of the randomness of event occurrence, k 1 is set to be 2 for the insurance purpose and the result is discussed in Section V. k 2 determines the least energy that the supercapacitor holds, which supplies energy consumption when an event occurs. Since the storing energy of SC is decided by its capacity and voltage, k 2 is set to be a function of C r , which is the ratio of SC capacity to minim capacity decided by (10):
According to simulation results, the relationship of optimal k 2 and C r can be described by the formula below:
As shown in Figure 3 (b), k 2 approaches 1/2 as C r tends to be infinite since the minim SC working voltage is V SC,max 2. When C r is too small, the most energy that the supercapacitor can store is still not enough for event occurrence, so k 2 is almost equal to 1. It is set to be 0.998 to prevent the battery from charging the supercapacitor all the time. When C r is big enough, k 2 decreases with C r because the energy storage capacity increases.
The charging power k 3 P av should be bigger than average power consumption of the node. Simulation results indicate that k 3 = 2.5 is optimum when k 1 = 2. It is reasonable that k 3 is a little bigger than k 1 since k 1 P av is just the ''ample'' solar power.
When the charging power is too high for the battery to fully receive, it is decreased into ηP demand , where η decreases with battery SOC increasing. A suggested function of η and SOC is as bellows and the graph is shown in Figure 3 (c):
88294 VOLUME 7, 2019 where a, b are constants and chosen to be 0, 0.2 respectively according to simulation results. The effectiveness and reasonability of this function are discussed in Section V. a is equal to zero because the solar irradiance is abundant most of the time. If the solar irradiance is less abundant, a should be more than 0. The value of b is chosen to ensure that the battery can be fully charged and the damage to battery is as low as possible. If b is too low, battery cannot be fully charged. If b is too high, battery will suffer too much degradation. The decreasing function η (SOC) protects the battery from rapid degradation and ensures that the charging power is not wasted a lot when battery is of a low SOC.
V. SIMULATION RESULTS

A. PERFORMANCE OF THE STRATEGY AT THE SYSTEM LEVEL
To verify the superiorities of the proposed energy management strategy, simulations were executed in Matlab to compare the proposed strategy to several traditional energy management strategies. Besides, WSN nodes with hybrid energy storage are compared with nodes with single energy storage to show the advantages. In the following simulations, the initial SOC of the battery is set to 75% since simulation results show that the battery SOC comes back to about 75% after a whole sunny day. The initial SOC of the supercapacitor is set to 80% because the SC voltage is close to the battery in this charge of state. Parameters of the WSN node is listed in Table 1 . The parameters are the same for single storage node and hybrid storage node with different energy management strategies. History data of the solar irradiance in Beijing during 2016 are used to simulate the seasonal influence, and the solar irradiance is supposed to be yearly periodically variational. Battery capacity losses under different strategies after short-running and long-running are shown in Figure 4 . After the one day operation, battery capacity loss of hybrid storage node is less than that of battery-based storage (without supercapacitor, WS) node as depicted in Figure 4(a) . However, the hybrid storage nodes using traditional energy management strategies (SF, VC, IP) still suffer too much high battery degradation. By contrast, battery capacity loss of the node adopting the proposed rule-based energy management strategy is much lower.
It is assumed that the node cannot be used when its battery capacity loss reaches 20%. The failure of the SC is not considered in view of its long cycle life. Then the lifetime of the node with different strategies is shown in Figure 4(b) . Lifetime of the node with battery-based storage (WS) is just 41 days. Lifetime of nodes with hybrid energy storage using traditional energy management strategies (SF, VC, IP) is prolonged to 55-58 days. Nevertheless, lifetime of tens of days is far from being desirable. Adopting the proposed strategy, lifetime of the node can be prolonged to more than 10 years.
Availability is defined to be the proportion of time that the node is normally powered. The system availability and lifetime of different configurations and strategies is shown in Table 2 . System including battery can acquire availability of nearly 100% but has limited system lifetime. System with supercapacitor-based storage has lifetime of more than 20 years but has an availability of only about 50%. System with hybrid storage adopting the proposed energy management strategy has an availability of nearly 100% and a lifetime more than 10 years, which is nearly a perfect scheme.
B. MECHANISM OF THE EXTENDED LIFETIME
To further demonstrate the mechanism of how the proposed strategy decreases the battery degradation, this part represents the comparison of different strategies on the device level. The SC voltage profiles in a day under different energy management strategies are represented in Figure 5(a)-(b) . Times of high power discharges (>1 V/s) of supercapacitor are counted in Table 3 . If traditional energy management strategies are adopted, it can be indicated that the SC is only fully utilized in the daytime (06:00-18:00). However, the SC voltage is restricted by the battery at night when the VC/IP strategy is adopted. Additionally, the SC has been exhausted before night when the SC strategy is utilized. Therefore, the SC can barely function at night under the traditional strategies. By contrast, the SC is frequently charged and discharged even at night when the rule-based strategy is used, so the SC can better protect the battery from capacity degradation.
Furthermore, to explore what is going on with the battery, the battery SOC profiles are reported in Figure 5 (c)-(d). Battery can be fully charged in the day and supplies the node with enough energy at night in all the five cases. Therefore, the availability of the node is nearly 100% in the case with battery. However, as shown in Figure 5 (c), the curve of adaptive rule based strategy rises slower than any other curves in the daytime, thus suffering less battery damage. Hence the suggested function η in Section IV is reasonable and effective.
Moreover, parameter P SOC is used to represent the smoothness of battery SOC curves, which is defined as the average absolute value of the second derivative of the SOC curves. Since the first derivative of the SOC curve represents the magnitude of the battery current, the second derivative of the SOC curve represents the degree of fluctuation of the battery current. It can be seen from Figure 5 (d) that the battery SOC curve of the adaptive rule based strategy is smoother than the others at night, so P SOC of this strategy is the least as Table 3 shows. Although the total change of SOC at night is almost the same, the fluctuation of the battery current is different. As represented from Table 2 and Table 3 , the battery current volatility is closely related to the battery lifetime. It can be deeply explained by the battery current profiles.
The battery current profiles are shown in Figure 5 (e)-(f). It can be seen that the maximum battery current of adaptive rule based strategy is far smaller than that of the other strategies both in the daytime and at night. The total time that the battery is charged/discharged in high current (>2 C), t c , is also computes as Table 3 represents. t c of the proposed strategy is 0. Thanks to the reasonable setting of k 2 in Section IV, SC is kept at a high SOC all the time by the battery or the solar panel. Therefore, SC can supply power for the node when events occur and the battery never undertakes large current discharging. Moreover, the function η in Section IV decreases the charging current of battery in sunny days, so battery does not undertake large current charging either. Therefore, the battery capacity loss under this strategy is the least and the lifetime is the longest.
C. ROBUSTNESS AND ADAPTIVITY OF THE STRATEGY
In this part, the SC capacity and workload conditions are changed to test the robustness of the proposed adaptive energy management strategy. When the SC capacity is changed, the other parameters remain the same as in Table 1 . When event frequency λ or high load power P excited is changed, the sizes of the solar panel and battery are chosen to be the least sizes as decided by Section III, and the SC is twice the least size. The other parameters are the same as in Table 1 . Battery capacity loss after one day under different strategies has been simulated. Results indicate that the proposed energy management strategy is robust and adaptive.
The proposed strategy is compared with the other preexisting strategies. As shown in Figure 6 , it is always the best strategy under any circumstances. Figure 6 (a) reveals that the adaptive rule based strategy achieves low battery degradation (<0. 1%) as long as the SC capacity is more than 0.1 F. When the SC capacity reaches 100 F, the SC is able to store more energy than the battery. Hence the battery is not needed in this case and the capacity loss is zero under the proposed strategy or the SC first strategy. However, SC with capacity of 100F occupies too much space to be practical for WSN nodes. For nodes with moderate SC capacity decided by (10) , the battery capacity loss of the proposed strategy is orders of magnitude smaller than that of the pre-existing strategies.
The proposed rule based strategy is also robust with the load conditions as Figure 6(b)-(d) represent. The robustness against event frequency is particularly essential in view that the frequency is not constant in a practical application. As Figure 6 (b)-(c) shows, the proposed rule based strategy is always prior to the other strategies when the event frequency λ varies. The superiority is especially apparent if the event happens at a relatively low frequency (less than 20 times in an hour). When the high load power of the node P excited varies from 10 mW to 200 mW, the adaptive rule based strategy also shows its robustness. The battery degradation is the least all the time as shown in Figure 6(d) . And the reduction is particularly immense when P excited reaches 100 mW. Furthermore, the adaptive energy management strategy is compared to fixed-parameter rule based strategy. As Section IV represents, the ''ample'' solar power k 1 P av and SC charging power k 3 P av used in the proposed strategy are adaptive with the load conditions. Besides, the parameter k 2 changes with the SC capacity. For comparison, five different sets of fixed parameters are used to substitute the adaptive parameters as Table 4 illustrates. As Figure 7 represents, the adaptive strategy can ensure a low battery capacity loss almost under any circumstances while the fixed-parameter rule based strategies are only ideal in some certain cases. The results indicate that the proposed energy management strategy is adaptive with the SC capacity and load conditions, thus having potential applications in all kinds of WSN nodes to prolong the lifetime of the system.
VI. CONCLUSION
This paper proposes an adaptive rule based energy management strategy for solar powered WSN nodes to extend the lifetime. The system model is established to simulate the battery degradation and node availability. We compare the proposed energy management strategy with the pre-existing ones. The adaptive rule based strategy can improve the node lifetime from several tens of days to more than 10 years, meanwhile the availability is 100% through the node lifetime. This is achieved by avoiding high current charging/discharging of the battery and making full use of the supercapacitor. Simulation conditions including SC capacity, event frequency, and excited load power are altered to verify the robustness and availability. Results show that the proposed strategy achieves low battery degradation under any circumstances. In addition, the superiority of the proposed strategy is especially apparent under the conditions of moderate SC capacity, low event frequency, and high excited node power. Solar powered WSN nodes adopting the proposed adaptive strategy are expected to achieve long lifetime and can be widely used in various fields. 
